INTRODUCTION
There is a large amount of natural phenotypic variation in plants, with some species demonstrating extreme phenotypic plasticity as evidenced from long-term selection experiments (Odhiambo and Compton, 1987; Dudley and Lambert, 1992; de Leon and Coors, 2002; Russell, 2006) and adaptation to changing environmental conditions. Understanding genomic and transcriptomic variation within a species can provide insights into phenotypic variation, plasticity, and environmental adaption. Initial studies exploring whole-genome variation in plant species focused primarily on single nucleotide polymorphism (SNPs), simple sequence repeats, and small insertions and deletions (Clark et al., 2007; Gore et al., 2009; McNally et al., 2009) . Additionally, these studies focused largely on genomic variation for only those sequences present in a single reference genome sequence. With the advent of next-generation sequencing and the rapid reduction in sequencing costs, it is becoming increasingly feasible to determine the complete genomic content of many individuals within a species.
Initial work on resequencing individuals within a species was conducted in bacteria due to the relative simplicity of bacterial genomes compared with animal and plant genomes. These studies demonstrated that extensive variation in genome content could be seen between individuals within a species (Medini et al., 2005; Tettelin et al., 2005 Tettelin et al., , 2008 Hogg et al., 2007) . It is now understood that within a species there is a portion of the genome that is present in all individuals (termed the core genome) and a portion of the collective genomic content that is present in only a subset of individuals (termed the dispensable genome), the sum of which is the pan-genome for the species. The number of individuals required to capture the full pangenome varies between species. After sequencing eight group B Streptococcus genomes, it was determined that the dispensable genome accounted for 33.4% of the pan-genome, and the size of the dispensable genome continually expanded with each additional genome . Based on modeling, the group B Streptococcus dispensable genome is expected to continue to expand even after sequencing hundreds of strains with similar results observed with group A Streptococcus. By contrast, for Bacillus anthracis, only four strains were required to characterize the entire pan-genome .
The concept of the pan-genome has been observed on various levels in many plant species, such as Arabidopsis thaliana, maize (Zea mays), and rice (Oryza sativa) (Brunner et al., 2005; Morgante et al., 2007; Ossowski et al., 2008; Gore et al., 2009; Springer et al., 2009; Weigel and Mott, 2009; Lai et al., 2010; Swanson-Wagner et al., 2010; Cao et al., 2011; Gan et al., 2011; Chia et al., 2012) . In maize, a comparison across four randomly chosen genomic regions revealed strong evidence for presence/ absence variation (PAV) between the inbred lines B73 and Mo17 (Brunner et al., 2005; Morgante et al., 2007) . For these four regions, only ;50% of the sequences were present in both genotypes. The 50% of the genome that was not in common was composed predominantly of transposable elements (TEs), although non-TE genes were also represented. Variation in gene copy number and PAV on a whole-genome scale between B73 and Mo17 for single-copy expressed genes has also been demonstrated (Springer et al., 2009) . Similar results were also observed in an expanded panel of 34 maize and teosinte lines (Swanson-Wagner et al., 2010) . Additionally, a study that generated over 32 Gb of sequence in the low-copy region of the genome across 27 diverse maize lines estimated that the B73 genome represents only ;70% of the available low-copy sequence in the maize pan-genome (Gore et al., 2009 ). More recently, a study of the maize pan-genome was conducted by resequencing six elite maize inbred lines important for commercial hybrid production in China and several hundred complete dispensable genes were identified . Similarly, the second-generation maize HapMap identified pervasive structural variation and showed that structural variants are enriched at loci associated with important traits (Chia et al., 2012) . Even with the relatively small number of individuals sampled to date, there is strong evidence for the existence in maize of a core and a dispensable genome, which may be a major contributor to phenotypic variation seen in inbred lines and heterosis observed in hybrids.
Dispensable genes in bacteria are thought to contribute to diversity and adaptation (Medini et al., 2005; Tettelin et al., 2005 Tettelin et al., , 2008 Kahlke et al., 2012) . In plants, the timing of developmental transitions is important for evolution and adaptation to new environments; in crop species, such transitions have had an important role in crop domestication and cultivar improvement. In maize, two key events in development include the juvenile-toadult vegetative and the vegetative-to-floral transitions, and components of pathways responsible for these developmental transitions have been characterized by qualitative genetic analyses. Cloned genes in maize involved in the juvenile-toadult vegetative transition include Corngrass1 (Chuck et al., 2007) and the AP2-like transcription factor Glossy15, which is a miR172 target (Moose and Sisco, 1996; Lauter et al., 2005) . The signal transduction pathway regulating the juvenile-to-adult vegetative phase change includes common components among flowering plants (Wang et al., 2011) . The autonomous pathway that involves miR156, miR172, and SQUAMOSA PROMOTER BINDING-LIKE genes and regulates both the vegetative and floral transitions is likely conserved in flowering plants (Poethig, 2009) . Maize genes and noncoding regions involved in the timing of the vegetative-to-floral transition include Vegetative to generative transition1, Zea CENTRORAPIALIS8, and indeterminate1 (Salvi et al., 2007; Lazakis et al., 2011) . Substantial natural phenotypic variation has been reported for these traits in maize (Chardon et al., 2004; Salvi et al., 2007; Buckler et al., 2009; Chen et al., 2012; Xu et al., 2012) . However, to date, the genetic architecture of these important developmental transitions has not been explored in the context of a species pan-genome.
Completed studies of the maize pan-genome have been limited to a few inbred lines and likely did not reveal the breadth of the collective diversity in maize. The goal of this study was to expand our knowledge of the maize pan-genome, assess the extent of variation across a large set of diverse inbred lines, determine the restricted or unrestricted nature of the maize pangenome, and associate pan-genes with genetic variation and phenotypic diversity for traits important to crop adaptation.
RESULTS

Transcript Assembly and Characterization
We used whole-seedling transcriptome sequencing (RNA sequencing [RNA-seq]) on a panel of 503 diverse maize inbred lines representative of the major U.S. grain heterotic groups (Stiff Stalk Synthetic and Non-Stiff Stalk Synthetic), sweet maize, and popcorn, as well as exotic maize lines (Supplemental Data Set 1; Hansey et al., 2010) to characterize the maize pan-transcriptome as a proxy for the maize pan-genome. Seedling tissue was selected to maximize discovery of transcripts as it represents diverse organ types and has a higher number of expressed genes relative to other tissues (Sekhon et al., 2011) . RNA-seq reads were mapped to the B73 reference genome sequence for SNP discovery and expression analysis of reference genes, while reads that did not map to the B73 reference genome sequence (3.2 billion total; Supplemental Data Set 1) were used for de novo assembly and identification of novel transcripts. A joint assembly of unmapped reads from all 503 inbred lines yielded 31,398 loci composed of 102,017 assembled transcripts with an N50 contig size of 911 bp (Supplemental Figure 1) . Translations of the assembled transcripts were aligned to rice proteins. For the majority of the Oases loci that had a match to the rice proteins, the top match for all transcripts within the locus were to a single rice gene model and in most cases to a single protein, suggesting the isoforms encoded identical proteins (Supplemental Figure 2) . To eliminate redundancy among the transcripts, for each locus, the representative transcript assembly (RTA), defined as the longest transcript within a locus, was used for further analysis.
The 31,398 RTAs were aligned to the B73 reference sequence to identify alleles and close paralogs, and 22,354 RTAs with alignments of >85% coverage and 85% identity were removed ( Figure 1A ). After removing an additional 363 potentially contaminant RTAs, 8681 high confidence RTAs that were absent from the B73 reference sequence were retained (Supplemental Data Set 2). Nearly 50% (4235) of these RTAs were supported by BLAST alignments to rice and sorghum (Sorghum bicolor) proteins (Ouyang et al., 2007; Paterson et al., 2009) , the UniRef100 database (Suzek et al., 2007) , and/or maize PlantGDBassembled unique transcripts (Duvick et al., 2008) (Figure 1B ; Supplemental Data Set 2), suggesting that these are not contaminants or artifacts generated from the sequencing and assembly process. Additionally, there was minimal evidence of transcripts being split across multiple RTAs as BLAST alignments to rice and sorghum identified only 228 RTAs that could be collapsed into 104 transcripts (Supplemental Table 1 ). Gene Ontology (GO) slim associations most frequently observed within the 8681 RTAs were cellular processes, membrane associated, and nucleotide binding domains (Supplemental Table  2 ). Due to the conservative alignment criteria used, as well as the fact that only seedling transcripts were surveyed, the 8681 RTAs identified are most likely an underrepresentation of the complete maize pan-genome. Furthermore, while the 503 inbred lines evaluated in this study are quite diverse (Supplemental Figure 3) , they likely represent a fraction of the global maize diversity with respect to rare alleles in open pollinated populations and landraces.
Transcript Abundance Profiles in the Maize Pan-Genome
In addition to genomic level PAV, transcript level PAV has been observed in maize and is hypothesized to be important for phenotypic variation, including heterosis (Stupar and Springer, 2006; Swanson-Wagner et al., 2006; Lai et al., 2010; Hansey et al., 2012) . To evaluate the extent of transcriptome level variation in maize, we estimated transcript abundance for the 503 inbred lines in the context of the maize pan-genome including the B73 reference gene models and RTAs. Plants for this experiment were grown in a controlled greenhouse environment. Replicates of B73 and Mo17 were used to assess any potential environmental effects. High average pairwise Pearson correlations of expression values between 31 B73 replicates (R 2 = 0.93) and 20 Mo17 replicates (R 2 = 0.95) indicate consistent environmental conditions throughout the experiment. (A) Flowchart describing annotation of the RTAs from the joint assembly as putative contaminant sequences, putative alleles/homologs/paralogs/ orthologs, or novel sequences. (B) Support of the filtered RTAs. RTAs were searched against the UniRef100 database requiring a minimum E-value of 1e-5 and a minimum of 50% coverage and 50% identity using WU BLASTX, the O. sativa v7 proteins, and the S. bicolor v1 proteins requiring a minimum E-value of 1e-10 and a minimum of 70% coverage and 70% identity using WU BLASTX, and the maize PlantGDB-assembled unique transcripts (PUTs) version 171a requiring a minimum E-value of 1e-10 and a minimum of 85% coverage and 85% identity using WU BLAST. (C) Distribution of gene expression in the maize seedling pan-transcriptome using a quantitative presence/absence classification. Genes were considered expressed if the fragments per kilobase of exon model per million fragments mapped 95% low confidence interval boundary as defined by Cufflinks was greater than zero.
Pairwise Pearson correlation coefficients of expression between samples were high (average R 2 = 0.89), indicating the overall seedling transcriptomes for these inbred lines were very similar. However, variation in transcript abundances and PAV among the inbred lines was apparent ( Figure 1C) . A total of 14,968 annotated B73 reference genes and 1425 RTAs were expressed in every line including B73 (essential/core transcripts), while 25,510 transcripts (18,327 annotated B73 reference genes and 7183 RTAs) were present in only a subset of lines representing potential dispensable transcripts or PAV in the genome. Of the 8681 novel RTAs, 4341 showed expression in the B73 reference inbred (1425 were expressed in all 503 individuals and 2916 were expressed in a subset of the individuals that included B73). The B73 reference sequence is a true draft sequence (Schnable et al., 2009) , and the incomplete nature of the reference sequence is reflected in these results. Additionally, while samples were consistently harvested at the V1 developmental stage, it is possible that in some instances the observed PAVs reflect differences in developmental rate across the inbred lines.
Using a set of 10 diverse inbred lines, real-time PCR (RT-PCR) and PCR was performed to validate the computationally predicted PAV for 24 RTAs at the transcriptome and genome levels, respectively. RT-PCR results supported 81.1% of the transcriptome PAV predictions for the 18 primer pairs where at least one RT-PCR or PCR band was observed (Supplemental Data Set 3), with transcript sizes consistent with the computational prediction. Of the 18.9% nonconcordant predictions, 8.3% had computationally predicted expression, yet no band was observed, while 10.6% that were not predicted to be expressed had a RT-PCR band present. Technical limitations, such as primers designed in nonconserved regions of the transcripts due to alternative splicing, sequence divergence, and/or a lower dynamic range of RT-PCR compared with RNA-seq can explain the lack of complete concordance between the computational predictions and experimental validation. We hypothesized that the PAV observed at the transcriptome level for these RTAs in some cases may be due to genomic level PAV. Indeed, eight out of the 10 RTAs with transcript level PAV also showed genomic level PAV (Supplemental Data Set 3).
SNPs in the Maize Pan-Genome
A total of 1,628,790 SNPs were identified using RNA-seq reads mapped to the reference genome and the RTAs. To minimize sequence errors, at least two reads per individual were required, and an allele had to be present at a 5% frequency or higher in the population to be included in the final set. Of the ;1.6 million SNPs, 485,179 had <75% missing data and are hereafter referred to as the "working SNP set." These SNPs were present in 23,906 (60.6%) of the annotated B73 reference genes and 4429 (51.0%) of the RTAs, with a maximum of 173 SNPs in a single gene. Genetic distance clustering using the working SNP set distinctly clustered inbred lines within the pedigree-based subgroups (Supplemental Figure  3) , which further validates the overall accuracy of the SNP set.
Linkage Disequilibrium Mapping of Representative Transcript Assemblies
Physical locations of the RTAs in the reference sequence were determined using a linkage disequilibrium (LD) mapping approach for RTAs with one or more SNPs in the working SNP set ( Figure  2A ). To test the accuracy of this approach, the analysis was performed using SNPs in a known B73 reference gene against all other SNPs anchored in the reference genome sequence. The gene (GRMZM2G057778) was mapped to an interval within two genes of its actual position in the reference sequence assembly (Supplemental Figure 4) . Using stringent criteria, 76.7% (3396) of the RTAs with at least one SNP were LD mapped to a single physical position in the B73 reference genome. The LD-mapped RTAs were distributed throughout the genome with a lower frequency in pericentromeric regions ( Figure 2B ; Supplemental Data Set 4). The interval for the position of the LD-mapped RTAs ranged from 1 bp to 10.7 Mb with an average interval size of 2.0 Mb (Supplemental Figure 5) . The average length of the 3396 LDmapped RTAs was slightly larger than the remaining 5285 RTAs, with an average length of 1111 and 837 bp, respectively (Supplemental Figure 6 ). The average fragments per kilobase of exon model per million fragments mapped (FPKM) value across the 503 inbred lines was also slightly higher in the LD-mapped RTAs (average FPKM 5.9) versus the non-LD-mapped RTAs (average FPKM 1.3), both of which were lower than the average observed in the reference genes, which was 13.3 (Supplemental Figure 7) . However, there was no bias in the distribution of RTAs regardless of whether they were expressed in all 503 inbred lines (core genes), in a subset of the lines including B73 (dispensable genes), or in a subset of the lines excluding B73 (dispensable genes). A total of 1033 RTAs with at least one SNP could not be LD mapped to a single location, attributable to the possibilities that the RTAs may be located in different positions across the inbred lines, the only SNP used for mapping within an RTA could have high amounts of missing data (up to 75%), or the genes adjacent to an RTA location could lack SNPs in the working SNP set and rapid decay in LD would prevent mapping of the RTA (Chia et al., 2012) .
Syntenic relationships were used to provide further evidence for the placement of the RTAs on the physical map. Figure 2C shows an example of synteny of an RTA with three other grass species. RTA_10140 is located in a syntenic block consistent with its mapped location via LD mapping. Of the 8681 RTAs, 5041 were classified into orthologous groups based on protein similarity to Poaceae protein sequences ( Figure 1A ; Supplemental Data Set 5), with multiple examples of RTAs located at expected positions based on synteny. Many of the RTAs (4786) were in orthologous groups that also included a B73 protein. These RTAs are putative distant alleles (<85% coverage and 85% identity at the nucleotide level) or homologs/paralogs, with some showing evidence of possible tandem duplication based on the LD mapping.
Evaluation of the Restricted/Unrestricted Nature of the Maize Genome
In bacteria, the number of individuals/strains required to capture the full pan-genome varies between species with as few as four strains needed for some species (closed genome) and an infinite number of strains necessary for others (open genome) . The origin of dispensable genes in bacterial species and plants are likely mechanistically distinct, with those in bacterial species primarily originating from lateral gene transfer, and those in plants originating from gene loss, gene/whole-genome duplication and divergence, and transposon-mediated mechanisms. To assess if the maize genome is restricted (containing a discrete number of sequences) or unrestricted (containing an infinite number of sequences) with respect to the pan-genome, we used transcriptome assemblies from individual inbred lines as a proxy for their genomic content. Individual assemblies were generated for 366 inbred lines that had greater than three million unmapped reads (Supplemental Data Set 1), using only three million reads per individual assembly. On average, 62.5% of the reads from each line were assembled with an average of 8173 loci per line and an average transcript length of 454 bp. Using the RTA from each locus, alleles/paralogs/ copy number variants (2,227,111 RTAs) and contaminant sequences (12,245) were filtered as described above yielding 747,977 total RTAs.
Stepwise addition of inbred lines from n = 2 to n = 366 in independent clustering runs showed a plateau in the total number of orthologous groups and singletons (24,129) in the collective dispensable transcriptome (Figure 3 ). These results demonstrate that within the context of this set of maize germplasm, the maize pan-genome, as estimated by the seedling transcriptome, is restricted. Further sampling of seedling RNA within this germplasm base will likely result in very minimal gene discovery after ;350 inbred lines. Thus, for the germplasm included in this study, the sampling depth was sufficient for the complete seedling pan-transcriptome. However, additional genes may still be discovered from the transcriptome of other tissues and different germplasm sources or whole-genome resequencing efforts. (C) Synteny analysis for RTA_10140 relative to the rice chromosome 12 sequence. Solid boxes show orthologous genes identified using EXONERATE with a minimum threshold of 70% identity over 70% of the length of the rice CDS sequence, and dashed boxes indicate orthologous genes identified using OrthoMCL with CDS sequences from rice v7, maize v2, and sorghum v1, and the 8681 RTAs.
Genetic Dissection of Traits Important for Fitness and Adaptation
We evaluated the utility of variants discovered from the RNA-seq reads to assess traits important for fitness and adaptation. The timing of developmental progression affects fitness of individuals within a species, thereby allowing adaptation to new environments. We explored natural variation for the juvenile-to-adult vegetative phase change and flowering time in our diversity panel to understand the relationship between genetic variation in the maize pan-genome and phenotypic diversity for traits important in crop adaptation and improvement.
Vegetative phase change was scored in 424 of the 503 inbred lines by identifying the last leaf with epicuticular wax. We observed significant natural variation for the last leaf with epicuticular wax, ranging from leaf 3.45 to 13.4 (Supplemental Figure  8 and Supplemental Data Set 6). The estimated entry-mean based heritability for last leaf with epicuticular wax was 0.53 based on phenotypic data measured across two years with two replications per year. Interestingly, the duration of juvenility was not correlated with flowering time.
A genome-wide association study (GWAS) was performed using the "GWAS SNP set" of 451,066 SNPs described in Methods, using a mixed linear model accounting for both population structure (P) and familial relatedness (K) (Yu et al., 2006) . After a simpleM correction for multiple testing (Gao et al., 2008) , a significant association was detected on chromosome 9 ( Figure 4A ). The most significant SNPs were located within glossy15, an AP2-like transcription factor responsible for the expression of juvenile vegetative traits (Moose and Sisco, 1996) . Twenty-nine SNPs in our GWAS SNP set were located within the glossy15 gene model; nine of those were within the translated region and were evaluated for detrimental amino acid substitutions on protein function using a SIFT analysis (Kumar et al., 2009) . Four SNPs caused nonsynonymous amino acid changes, including the most significant SNP detected in GWAS (Supplemental Table 3 ); however, none of the substitutions were predicted to alter protein function. In addition, none of the SNPs in our data set were located within the miRNA172 binding site of glossy15 mRNA. This quantitative trait locus (QTL) explained 9.4% of the phenotypic variation and had an additive effect of ;0.48 leaves, relative to the minor allele.
Transcript abundance variation is an important component of phenotypic variation. Additionally, there is evidence that the developmental transition between the juvenile and adult vegetative phase is determined very early in development (Lauter et al., 2005; Chuck et al., 2007) . As such, it is likely that transcript abundance variation at the seedling stage can partly explain phenotypic variation for this trait. To test this, GWAS was also performed with transcript abundance as the independent variable for all of the reference genes and RTAs for last leaf with epicuticular wax. The association analysis was done using the same mixed model as described above. One significant association was detected on chromosome 2 in a gene annotated as encoding a nuclear transcription factor Y subunit A-10 (GRMZM2G096016; Figure 4B ). Using transcript PAV as the independent variable, this gene was the second most significant genome-wide. However, the P value did not exceed the significance threshold. Additionally, PCR analysis of 10 inbred lines revealed that this gene was indeed present in all 10 inbred lines.
Two measures of flowering time were available for 409 of the inbreds, growing degree days (GDDs) to silk and GDDs to pollen shed (Supplemental Data Set 6). Tropical lines were not included in this analysis, as they do not flower in Wisconsin. A Pearson correlation of 0.965 was observed between GDDs to pollen shed and GDDs to silk.
GWAS was performed for the flowering time traits using the GWAS SNP set and the parameters described above. Significant associations were detected for flowering time traits on chromosomes 1, 3, 4, 5, and 6 ( Figure 5A ; Supplemental Figure 9A and Supplemental Table 4 ). Association mapping was also conducted using transcript abundance as the independent variable, and significant associations were detected on chromosomes 1 and 3 ( Figure 5B ; Supplemental Figure 9B ). The most significant SNPs on chromosome 3, explaining over 7% of the phenotypic variation, were in a CBS domain-containing protein (GRMZM2G171622). In a previous analysis of the maize nested association mapping population, a significant association in this region was also detected with a bootstrap posterior probability of 0.42 (Chen et al., 2012). The gene adjacent to GRMZM2G171622 is annotated as encoding a MADS box transcription factor (GRMZM2G171650 [zmm22]) and contained only a single polymorphism within our data set and showed limited variation (minor allele frequency = 0.18). This SNP within zmm22 was in high LD with SNPs found in the CBS domain-containing protein ( Figure 5C ), and zmm22 was significant in the association analysis based on transcript abundance. Interestingly, zmm22 has previously been shown to be important in maize cultivar improvement (Zhao et al., 2011) , and this study provides evidence of its potential role in flowering time.
The determination of the timing of developmental phase changes, including flowering time, can occur very early in development, with known flowering time genes such as Zm-Rap2.7 being expressed as early as 24 d after germination (Sekhon et al., 2011 (Sekhon et al., , 2013 . Interestingly, 91.7% of the genes expressed in B73 V1 pooled leaves (FPKM > 5) were also expressed in the V13 immature tassel (Sekhon et al., 2011 (Sekhon et al., , 2013 , lending further support to the notion that the seedling transcriptome can be relevant to traits measured later in development. In fact, based on seedling transcript abundance, we identified a MADS box (A) Manhattan plot of GWAS results using SNP markers. Significance threshold (horizontal dashed line) was set using the simpleM method (2.7 3 10 27 ). Significant SNPs were located in glossy15. (B) Manhattan plot of GWAS results using transcript abundance as the independent variable. GRMZM2G096016 encodes a nuclear transcription factor Y subunit A-10 gene. Significance threshold was set using Bonferroni correction (1.04 3 10 26 ). (A) Manhattan plot of GWAS results using SNP markers. Genome-wide significance threshold (horizontal dashed line) was set using the simpleM method (2.7 3 10 27 ). GRMZM2G171622 encodes a CBS domain-containing protein.
transcription factor gene (GRMZM2G026223) on chromosome 1 that was associated with flowering time in our population. This MADS box transcription factor gene, zagl1, has previously been shown to have undergone selection during maize domestication (Zhao et al., 2011) . Only one polymorphism was found in zagl1 within our data set; therefore, it presents very limited sequence variation (minor allele frequency = 0.08), consistent with the lack of diversity expected under a domestication selection sweep. These results demonstrate the value of using transcript abundance in GWAS, especially for the identification of genes with limited SNP variation. No significant associations were identified using transcript PAV as the independent variable for either flowering time trait.
Zm-Rap2.7, located on chromosome 8, and the noncoding region 70 kb upstream (vgt1) have been shown to be involved in flowering time control (Salvi et al., 2007) . SNPs identified within Zm-Rap2.7 were not significant in our diversity panel at the genomewide multiple testing threshold but were significant when tested as a candidate gene (P value = 3.47 3 10 25 ).
DISCUSSION
In many plant species, genome duplication events and expansion and contraction of repetitive elements within the genome have fueled evolutionary diversity in some parts of the genome while other portions of the genome remain conserved, leading to the core and dispensable genomes. A previous comparison across four randomly chosen genomic regions between the maize inbred lines B73 and Mo17 revealed that only 50% of the sequences were present in both genotypes (Brunner et al., 2005; Morgante et al., 2007) . Similarly, for the 8681 RTAs that were identified in this study, ;83% lacked sequence support at the transcriptome level for presence in all 503 lines.
Comparative studies across plant species have identified a large number of lineage-specific genes between genera or higher taxonomic orders (Bertioli et al., 2009; Cheung et al., 2009) . By expanding the maize pan-genome using RNA-seq transcriptome data, we identified many syntelogs between rice, sorghum, and maize that were previously thought to be absent in maize based on the reference sequence of the single inbred line B73. It is known that the reference sequence for B73 is incomplete (Schnable et al., 2009; Lai et al., 2010; Hansey et al., 2012) ; thus, some of the sequences could eventually be identified through gap filling of the reference sequence. However, ;50% of the RTAs did not have evidence of being present in the B73 inbred line. The genome of maize, an ancient tetraploid, is thought to be composed of two distinct subgenomes, one of which (maize2) appears to have experienced greater gene loss (Schnable et al., 2011) . The RTAs identified in this study represent some of the genes thought to be absent in one or both of the maize subgenomes.
Many studies have explored the relationship between genomelevel variants and phenotypic traits through QTL mapping and GWAS. However, these studies have generally failed to explain the totality of phenotypic diversity, as genome-level variants typically can explain only a portion of the observed phenotypic diversity. In addition to identifying SNPs, RNA-seq allowed us to identify useful transcriptome variation in the context of the pangenome. Using this robust data set, which included SNPs and transcriptome-level variation in the context of the maize pangenome, we were able to increase our understanding of the genetics underlying adaptation and evolution by studying the progression of development in maize.
For juvenile-to-adult vegetative transition, at the genome level, we identified a highly significant gene (glossy15) that has previously been characterized as a qualitative mutation important for natural variation for this developmental progression (Moose and Sisco, 1996; Lauter et al., 2005) . In addition, we also identified a gene (GRMZM2G096016) that would not have been discovered in traditional GWAS studies focused solely on SNP variation, as the genetic marker used to identify it was a transcript abundance marker.
For the flowering time traits, we found considerable overlap between our GWAS results and previous studies. The flowering time QTL on chromosome 3 detected in the maize nested association mapping population overlapped in position with significant genes in this study , and with the population size and LD of this diversity panel, we were able to obtain greater genic resolution at this QTL. Additionally, two MADS box transcription factors, zmm22 and zagl1, were identified as significantly associated with variation for flowering time. zmm22 encodes a StMADS-11-like transcription factor, and this clade of proteins act as a repressor of flowering in several species including wheat (Triticum aestivum) and rice (Kane et al., 2005; Sentoku et al., 2005; Kikuchi et al., 2008) . In addition, MADS box genes have been shown to be targets of selection during domestication and cultivar improvement (Zhao et al., 2011) . zagl1 was previously shown to have a reduction of genetic variation in maize landraces compared with teosinte, providing evidence of selection during domestication, while zmm22 had genetic variation in both teosinte and maize landraces but decreased genetic variation in cultivated inbreds, demonstrating evidence of improvement selection on this gene (Briggs et al., 2007) .
This study greatly expands our understanding of the dynamic nature of the maize pan-genome and demonstrates that a substantial portion of the variation underlying adaptive traits may lie outside a single reference genome sequence for a species. The identification of both known and previously unknown genes (B) Manhattan plot of GWAS results using gene expression level as the independent variable for GDDs to pollen shed. Significance threshold was set using Bonferroni correction (1.04 3 10 26 ). (C) LD heat map between the most significant gene on chromosome 3 based on SNP markers for GDDs to pollen shed, GRMZM2G171622, and a likely candidate gene, GRMZM2G171650. Asterisks indicate significant SNPs identified through GWAS. associated with adaptive traits through traditional GWAS with SNP markers demonstrated the utility this RNA-seq-based SNP set for dissecting complex phenotypic traits. Additionally, using RNA-seq, we were able to identify genes associated with adaptive traits through transcript abundance and transcript PAV that would otherwise not be identified. The associated transcriptome PAVs did not translate to genomic PAVs in this study; however, there are many reasons that transcriptome PAV could be observed beyond deletion of an entire gene, such as epialleles (Makarevitch et al., 2007; Eichten et al., 2011) and variation outside of the gene model. While genomic-level PAVs were not identified in this study, it does not mean they are not important for phenotypic diversity. Indeed, PAV is an extreme form of copy number variation, and copy number variation of a MATE1 gene was recently shown to be associated with aluminum tolerance (Maron et al., 2013) . The results in this study highlight the importance of evaluating multiple levels of diversity when examining the genetic architecture of complex traits in plants.
METHODS
Plant Materials
A set of 503 diverse maize inbred lines that included 465 lines from the Wisconsin Diversity Set (Hansey et al., 2010) was evaluated (Supplemental Data Set 1). Plants were grown under greenhouse conditions (27°C/24°C day/night and 16 h light/8 h dark) with six plants per pot (30-cm top diameter, 28-cm height, 14.5 liters/volume) in Metro-Mix 300 (Sun Gro Horticulture) with no additional fertilizer. Whole-seedling tissue including roots at the V1 stage (Abendroth et al., 2011 ) from three plants per inbred line was pooled. RNA was isolated using Trizol (Invitrogen) and purified with the Qiagen RNeasy MinElute Cleanup kit. For obtaining DNA, seedling leaf tissue from 5 to 10 plants was bulked, and DNA was extracted using the cetyl(trimethyl)ammonium bromide method (Saghai-Maroof et al., 1984) .
RNA-Seq Library Construction and Sequencing
Individual RNA-seq libraries were prepared for each of the genotypes in this study across seven plates. Libraries on the first plate were manually prepared without the use of spike-in sequences (Supplemental Data Set 1). Libraries on the subsequent plates were prepared using robotics and spike-in sequences were added to every other well using the ERCC RNA Spike-In Mix (Ambion) to assess the rate of cross contamination during library preparation.
For each library, polyadenylated RNA was isolated from 10 mg of total RNA using Dynabeads mRNA isolation kit (Invitrogen). This isolation was done twice to ensure the samples were free of rRNA contamination. The purified RNA was fragmented using RNA fragmentation reagents (Ambion) at 70°C for 3 min, targeting fragments ranging between 200 and 300 bp. The fragmented RNA was purified using Ampure SPRI beads (Agencourt). Reverse transcription was completed using SuperScript II reverse transcription (Invitrogen) with an initial annealing of random hexamer (Fermentas) at 65°C for 5 min, followed by an incubation of 42°C for 50 min and an inactivation step at 70°C for 10 min, and cDNA was purified with Ampure SPRI beads. Second-strand synthesis was performed using a deoxynucleotide triphosphate mix wherein dTTP was replaced by dUTP at 16°C for 2 h. Double-stranded cDNA fragments were purified using Ampure SPRI beads, blunt-ended, A tailed, and ligated with Truseq adaptors using the Illumina DNA sample prep kit. Adaptor-ligated DNA was purified using Ampure SPRI beads. To remove second-strand cDNA, dUTP was digested using AmpErase UNG (Applied Biosystems), and the digested cDNA was cleaned with Ampure SPRI beads, amplified for 10 PCR cycles with the Illumina Truseq primers, and then cleaned with Ampure SPRI beads. Sequencing was done on the Illumina HiSeq at the Joint Genome Institute (Walnut Creek, CA) to generate 100 nucleotide paired-end reads.
For the Oh43 sequence reads, ;5 mg of total RNA was used for library construction. The Oh43 RNA-seq library was not strand specific and did not contain spike-in sequences. Polyadenylated RNA purification, RNA fragmentation, cDNA synthesis, and PCR amplification was performed according to the Illumina RNA-seq protocol. Sequencing was performed on the Illumina HiSeq at the Research Technology Support Facility at Michigan State University to generate 50-nucleotide single-end reads.
RNA-Seq and Sample Quality Control Analysis
For each sequence library, read quality was evaluated using the FastQC software (http://www.bioinformatics.bbsrc.ac.uk/projects/fastqc). Libraries with a fail flag such as low base quality scores were removed. Additionally, any library with less than five million reads was excluded. To determine the proportion of spike-in and vector sequences in each library, reads were mapped to the spike-in sequences and the UniVec database (http://www.ncbi.nlm.nih.gov/VecScreen/UniVec.html) using Bowtie version 0.12.7 (Langmead et al., 2009 ) in the quality aware mode with the default parameters. Libraries that did not have spike-in sequences added were removed if >1% of the reads aligned to the spike-in sequences. For those libraries with spike-in sequences added, if >5% of the reads mapped, the library was removed from downstream analyses. For those libraries that passed this level of quality control, all reads that had an alignment to the spike-in/UniVec sequences were removed for future analysis. After this filtering, any libraries with less than five million reads were also removed from future analysis.
To quantify expression levels and identify SNPs, sequence reads for each library were mapped to the version 2 maize B73 reference sequence assembly (AGPv2, http://ftp.maizesequence.org/) (Schnable et al., 2009) using Bowtie version 0.12.7 (Langmead et al., 2009 ) and TopHat version 1.4.1 ). Gene annotation was not provided during the read mapping step. For expression quantification, reads were mapped with a minimum intron size of 5 bp, a maximum intron size of 60,000 bp, and insertion/deletion detection disabled. Normalized gene expression levels were determined using Cufflinks version 1.3.0 (Trapnell et al., 2010) and the 5b filtered gene set (http://ftp.maizesequence.org/). Pearson correlation coefficients were calculated between each pair of genotypes using expression levels. A relatively high correlation was expected because the same tissue was harvested across the genotypes; thus, genotypes with R 2 values <0.5 across samples were removed. Additionally, any genotype with <60% reads mapping to the B73 reference sequence were removed from future analysis.
For SNP identification and genotyping, sequence reads from all individuals were first cleaned using the FASTX toolkit (http://hannonlab. cshl.edu/fastx_toolkit/index.html) with the fastx_clipper program requiring a minimum length of 30 bp. After clipping, reads were mapped with a minimum intron size of 5 bp, a maximum intron size of 60,000 bp, insertion/deletion detection disabled, and requiring a single unique hit. Alignments for reads that mapped uniquely were processed using the sort, index, and pileup programs within SAMtools version 0.1.12a (Li et al., 2009) . To determine the genotype of an individual at a given position, a minimum of five reads was required. Additionally, the reads had to support only one allele, where support was defined as at least 5% of the reads and at least two reads. A locus was considered polymorphic if at least two alleles had >5% allele frequency. Finally, loci were removed that had >50% missing data (203,512 retained SNPs). If an individual had >40% missing data, that individual was removed from future analysis. Using the filtered SNPs, pairwise Roger's genetic distances (Rogers, 1972) were calculated, and an unweighted pair group method with arithmetic mean (UPGMA) tree was generated in PowerMarker version 3.25 (Liu and Muse, 2005) using default parameters and visualized in FigTree v1.3.1 (http://tree.bio.ed.ac.uk/software/figtree/). Integrity of the samples was evaluated based on manual comparison of relative positions on the tree with known pedigree relationships. RNA-seq reads were generated for 546 genotypes; the 503 genotypes discussed in this article included those that passed rigorous quality control filtering as described above.
Novel Transcript Assembly and Characterization
For the inbred lines that passed the quality control analysis described above, reads that could not be aligned to the B73 reference genome sequence using the parameters described for expression quantification were further cleaned using the FASTX toolkit (http://hannonlab.cshl.edu/ fastx_toolkit/index.html). Adapter sequences were removed using the fastx_clipper program, followed by artifact filtering with fastx_artifacts_filter and removal of low quality sequences with fastq_quality_trimmer requiring a minimum quality score of 20. A minimum sequence length of 30 nucleotides was required for all of the programs. From each of the 503 genotypes, 400,000 cleaned reads (201,200,000 total reads) were assembled using an assembly pipeline consisting of Velvet version 1.2.07 (Zerbino and Birney, 2008) and Oases version 0.2.08 (Schulz et al., 2012) . The preliminary assembly generated by Velvet was used as the input for Oases. A kmer of 27 and a minimum transcript length of 500 bp was used.
RTAs were mapped to AGPv2 using the splice site aware aligner GMAP version 2012-04-21 (Wu and Watanabe, 2005) . Any RTA with an alignment >85% coverage and 85% identity was removed from future analysis. RTAs were searched against the spike-in sequences and Illumina adapter sequences using WU BLASTN (Altschul et al., 1990 ) requiring a minimum E-value of 1e-10, and any RTAs with an alignment to the database were removed from future analysis. Additionally, RTAs were filtered against the UniRef100 database release 2012_07 (Suzek et al., 2007) using WU BLASTX (Altschul et al., 1990; Gish and States, 1993) using the shortqueryok option, requiring a minimum E-value of 1e-5, a seed word length of 4, a neighborhood word score of 1000, and a minimum of 50% coverage and 50% identity. Any RTA with a best hit to a nonPlantae sequence was removed from downstream analyses.
For assembly quality analysis and annotation, the remaining RTAs were searched against the O. sativa version 7 proteins (Ouyang et al., 2007) and the S. bicolor version 1.0 proteins ) using WU BLASTX (Altschul et al., 1990; Gish and States, 1993) , and the maize PlantGDB assembled unique transcripts version 171a (Duvick et al., 2008) using WU BLASTN (Altschul et al., 1990) . For all BLAST searches, a minimum E-value of 1e-10 was used and only the best hits were considered. For the BLASTX searches, a minimum coverage and identity of 70% was used. For the search against the maize PUTs, a minimum coverage and identity of 85% were used. Functional annotations were assigned based on these BLAST analyses (Supplemental Data Set 2). To assign GO slim terms (Gene Ontology Consortium, 2010), the RTAs were translated using ESTScan version 3.0.3 (Iseli et al., 1999) using the default parameters. InterProScan version 4.8 (Zdobnov and Apweiler, 2001 ) with the following parameters was used to determine GO terms: -cli -nocrc -iprlookup -goterms -appl hmmpfam -altjobs -seqtype pformat raw. The map2slim script within the Perl GO::Parser module was used to reduce the GO terms to GO slim terms.
Transcript Abundance Profile Analysis in the Maize Pan-Genome
Sequence reads for each library were mapped to AGPv2 plus the 8681 unfiltered RTAs using Bowtie version 0.12.7 (Langmead et al., 2009 ) and TopHat version 1.4.1 , and normalized gene expression levels were determined using Cufflinks version 1.3.0 (Trapnell et al., 2010) with the parameters described for RNA-seq and sample quality control analysis. To characterize transcript PAV, sequence reads were mapped requiring a unique alignment. A gene/RTA was defined as expressed if the FPKM low confidence interval as described by Cufflinks (Trapnell et al., 2010) was greater than zero.
Confirmation of RTA and Presence Absence Variation
Transcript assembly, expression PAV, and genomic PAV for 24 random RTAs across 10 inbred lines (B14-SSS, B37-SSS, B73-SSS, C103-NSS, Mo17-NSS PHN11-NSS, CML 322-exotic, NC358-exotic, P39-sweet maize, and HP301-popcorn) were evaluated using RT-PCR and PCR. The 24 RTAs were computationally predicted to have expression in 1 to 10 of the lines and each had a minimum length of 750 bp. For this confirmation, RTAs were sampled from the complete set of 8681 RTAs. One microgram of the same total RNA used for the RNA-seq library construction was reverse transcribed into cDNA using the SuperScript III first-strand synthesis system (Invitrogen) according to the manufacturer's protocol, and ;70 ng cDNA was used per RT-PCR reaction. Genomic PAV was evaluated in the 24 RTAs for the same 10 inbred lines using 50 ng of genomic DNA per PCR reaction. The thermocycler program for RT-PCR and PCR included 95°C for 4.0 min of initial denaturation, followed by 30 cycles of 95°C for 1.0 min, 55°C for 1.0 min, and 72°C for 1.5 min, followed by 72°C for 7 min of final extension. Primer sequences are available in Supplemental Data Set 3.
SNP Analysis in the Expanded Maize Pan-Genome
Reads were cleaned and mapped, and the genotype scores at each SNP position were determined as described in the RNA-seq and sample quality control analysis section above. Loci with >75% missing data were removed. Pairwise Roger's genetic distances (Rogers, 1972) were calculated, and a UPGMA was generated in PowerMarker version 3.25 (Liu and Muse, 2005) using default parameters and visualized in FigTree v1.3.1 (http://tree.bio.ed.ac.uk/software/figtree/).
LD Mapping of Representative Transcript Assemblies
LD mapping was used to determine the position of the RTAs relative to the AGPv2 genome sequence. Pairwise r 2 values were calculated between each of the SNPs in AGPv2 (458,259) and RTA (26,920) sequences using PLINK version 1.07 (Purcell et al., 2007) . An all-versus-all BLAST with the RTAs, rice version 7 CDS sequences (Ouyang et al., 2007) , the sorghum version 1.0 CDS sequences , and the maize version 2 CDS sequences (Schnable et al., 2009 ) was performed using WU TBLASTX (Altschul et al., 1990 ) requiring a minimum E-value of 1e-10 and allowing up to 500 hits per sequence. Orthologous gene families were identified by OrthoMCL version 1.4 (Li et al., 2003; Chen et al., 2007) in mode 4 with default parameters.
Evaluation of the Restricted/Unrestricted Nature of the Maize Genome
Reads that could not be aligned to AGPv2 using the parameters described for expression quantification were used to generate individual assemblies for each inbred line that had a minimum of three million unmapped reads after cleaning using the methods described for the joint assembly (n = 366; Supplemental Data Set 1). Velvet version 1.2.07 (Zerbino and Birney, 2008) and Oases version 0.2.08 (Schulz et al., 2012) were used for the assembly with a kmer of 27 and minimum transcript size of 250 bp. RTAs were filtered as described above for the joint assembly; a total of 747,977 RTAs were retained. An all-versus-all blast was performed using WU BLASTN (Altschul et al., 1990 ) requiring a minimum E-value of 1e-10 and allowing up to 5000 hits per sequence. Sequence-based clustering of the individual assemblies was performed using OrthoMCL version 1.4 (Li et al., 2003; Chen et al., 2007) in mode 4 with default parameters. Stepwise addition of lines from n = 2 to n = 365 lines was then performed using OrthoMCL version 1.4 (Li et al., 2003; Chen et al., 2007) in mode 5 with default parameters.
Association Mapping Analysis
Last leaf with epicuticular wax, GDDs to silk, and GDDs to pollen shed were measured on plants grown in a randomized complete block design with two replications across two years at the Arlington Agriculture Research Station in Wisconsin. To keep an accurate leaf count for measuring, the last leaf with epicuticular wax a hole was punched in the 5th leaf at the V7 stage and a collar was placed around the stalk between leaf 8 and 9 at the V10 stage. The last leaf showing epicuticular wax was scored at the V14 stage. Days to pollen and days to silk were scored when 50% or greater of the plants in a plot had visible pollen shed or silk emergence, respectively. A linear model was used for phenotypic analysis, Y ijk ; µ + Genotype i + Rep(Year) j(k) + Year k + Year k 3 Genotype i + e ijk , where Y was the phenotypic value of the ith genotype (Genotype) in the jth replicate (Rep) within the kth year (Year), Year 3 Genotype is the interaction term between these two variables, and µ was the overall mean. All effects, except the overall mean, were considered random.
From the 485,179 high confidence SNPs identified in the "LD Mapping of Representative Transcript Assemblies" section above, nonbiallelic positions were filtered. Additionally SNPs in non-RTA sequences with >30% missing data were removed. For the remaining 438,222 non-RTA SNPs, the population-based haplotype clustering algorithm of Scheet and Stephens, implemented via fastPHASE software version 1.4.0 (Scheet and Stephens, 2006) , was used to impute missing genotype scores. Default settings for all parameters of the algorithm were used to impute the missing genotypes. For the RTA SNPs, SNPs with <60% missing data were retained (12,844 SNPs). Imputation was not performed on these SNPs due to the large LD window size that several of the RTAs were mapped to. The collective set of imputed reference SNPs (438,222 SNPs) and filtered RTA SNPs (12,844 SNPs) comprise a total of 451,066 SNPs referred to as "GWAS SNP set" was used for GWAS analysis.
GWAS was performed with 424 and 409 of the 503 original inbred lines for last leaf with epicuticular wax and the flowering time traits, respectively, using a previously proposed mixed linear model (Yu et al., 2006) , which is as follows: y = Xb + Wm + Pv + Zu + e, where y is a vector of phenotypic observations, b is a vector of fixed effects other than the SNP under testing (year and rep effects), m is a vector of SNP (fixed effect), v is the vector of population effects (fixed effect), u is a vector of polygene background random effect (proportion of the breeding values not accounted for by the SNP marker), and e is a vector of residual effects. P is an incidence matrix of principal component scores (eigenvectors) of marker-allele frequencies (Patterson et al., 2006) , and X, W, and Z are incidence matrices of ones and zeros relating y to b, m, and u, respectively. The covariance of u is equal to KVA, where K is the kinship matrix that was estimated with a random set of SNPs according to the VanRaden method (VanRaden, 2008) and VA is the additive variance estimated using restricted maximum likelihood. The kinship matrix estimations and compressed mixed linear model (Zhang et al., 2010) were performed with the GAPIT R package (Lipka et al., 2012) . Quality of the GWAS model fit was evaluated with QQ plots. To account for multiple testing, without being overly conservative and control for the Type-II error rate, we used the simpleM method (Gao et al., 2008) . Due to the linkage observed between SNP markers, the total number of markers being tested does not reflect the number of independent tests. The simpleM approach applies a Bonferroni correction to the actual number of independent tests, or the effective number of independent tests (Meff), by considering the LD between each pair of markers and applying principal component analysis to obtain the eigenvalues. The simpleM method has been shown to be an effective way to control the experiment-wise error rate in GWAS (Gao et al., 2010; Johnson et al., 2010) . In this study, the Meff was 172,470 (equal to the number of eigenvalues necessary to explain 99.0% of the variance). LD could not be accurately measured for the SNPs in the RTAs, and for these SNPs, the simpleM method was not applied. Including the total SNPs in the RTAs (12,844) and the 172,470 effective tests in the reference sequence SNPs, the Bonferroni threshold considering independent tests was 0.05/185,314 [i.e., 2.7 3 10 27 (a e = 0.05)]. For the GWAS using gene expression or PAV as the independent variable, the test for each gene was considered independent, resulting in 48,137 total tests and a Bonferroni threshold of 1.04 3 10 26 .
Glossy15 protein sequences for each of the 503 inbred lines were generated based on SNPs within the GWAS SNP set. The SIFT BLink algorithm was used to evaluate damaging amino acid changes on protein function (Kumar et al., 2009 ). The cloned W64A sequence was used as the functional sequence input (GenBank accession number GI:1732031; Moose and Sisco, 1996) .
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